It is commonly believed that similarities between the sequences of two proteins infer similarities between their structures. Sequence alignments reliably recognize pairs of protein of similar structures provided that the percentage sequence identity between their two sequences is sufficiently high. This distinction, however, is statistically less reliable when the percentage sequence identity is lower than 30% and little is known then about the detailed relationship between the two measures of similarity. Here, we investigate the inverse correlation between structural similarity and sequence similarity on 12 protein structure families. We define the structure similarity between two proteins as the cRMS distance between their structures. The sequence similarity for a pair of proteins is measured as the mean distance between the sequences in the subsets of sequence space compatible with their structures. We obtain an approximation of the sequence space compatible with a protein by designing a collection of protein sequences both stable and specific to the structure of that protein. Using these measures of sequence and structure similarities, we find that structural changes within a protein family are linearly related to changes in sequence similarity.
Introduction
A protein sequence folds into a unique threedimensional structure. Interestingly, this one-toone correspondence is no longer valid when all proteins are considered. The size of the protein structure space is much smaller than the size of the protein sequence space: it is commonly assumed that there are 1000 different protein folds, covering 10,000 different protein sequence families. 1 -4 The fact that the structure space is finite and much smaller than the sequence space has given rise to the hope that it is possible to have representative structures for all these sequences. Thus, it will be possible to generate a model for a new sequence without going into the expensive procedures of systematic experimental structure determination. The success of this approach is, however, strongly correlated to our ability to identify a proper structural template for a protein of interest. Techniques designed to solve this "fold recognition" problem rely on the assumption that similarities between the sequences of two proteins imply similarities between the structures of these proteins.
Although there are many individual exceptions, 5 it is believed that when two proteins share 50% or higher sequence identity, their backbones differ by less than 1 Å RMS deviation. The confidence level in this inference is much lower, however, in the so-called "twilight zone" 6 of 20 -30% sequence identity. When the sequences of two evolutionary related proteins diverge to the twilight zone limit, their backbones can be expected to differ by 2 Å RMS deviation. 7 A recent study by Rost on more than a 10 6 sequence alignments has shown, however, that more than 95% of all sequence alignments found in the twilight zone correspond to proteins with different structures. 8 On the other hand, structure alignments have identified homologous protein pairs with less than 10% sequence identity. 5, 9 Interestingly, the average sequence identity between pairs of proteins with similar structures is 8 -10%. 10 This low level of sequence similarity is the so-called "midnight zone". 10 Fold recognition ultimately aims at identifying pairs of homologous proteins in this midnight zone. The success of sequence-based techniques designed to reach that goal depends on the ability to define a robust correlation between sequence information and structure information.
Chothia & Lesk 11 were the first to report that the extent of the structural changes observed between two proteins is directly related to the extent of the sequence changes. They proposed that the rootmean-square deviation in the position of the mainchain atoms of the two proteins, cRMS, is related to the fraction of mutated residues, H, according to an exponential law: cRMS ¼ 0:4 expð1:87HÞ ð 1Þ
Recent studies have confirmed their findings with larger sets of proteins. 12 -14 The asymptotic behavior of cRMS for small values of sequence identity makes it difficult to identify pairs of proteins with similar structures but low sequence similarities. Interestingly, Wood & Pearson have shown that if the cRMS value and sequence identity measures are replaced by their statistical significance, a linear relationship is found between protein sequence similarity and structure similarity. 15 Their data, however, suggest that higher-order effects may play a role at low sequence similarity. They also found that the slope that characterizes the linear fit differs significantly among protein families, with no obvious correlation to protein size or protein mutation rates.
All these studies focus on the same question: can differences in protein sequences explain differences in the corresponding protein structures? Here, we propose to study the inverse fundamental question: can we correlate the structural differences between two protein folds to differences between the subsets of sequence space that are compatible with these folds? To answer this question, we need a reasonable description of the sequence space S(X ) compatible with a protein fold X, as well as a measure of the distance between two sequence space subsets. We propose to explore the sequence space S(X ) by designing a large number of sequences compatible with and specific to the fold X. The distance between two subsets S(X ) and S(Y ) is then defined as the mean sequence identity between any pairs of sequences in the set S(X ) £ S(Y ) (i.e. every sequence in S(X ) with every sequence is S(Y )). We first illustrate our approach by comparing two structurally similar proteins whose sequences show low levels of similarity. This initial test case is followed by a more systematic study of 14 diverse structural families of proteins, namely alkane dehalogenases (ADH), cyanins/azurins (AZN), cystein proteases (CPR), fatty acid binding proteins (FAP), ferredoxins (FXN), globins (GLB), glutathione transferases (GLT), proline isomerases (ISM), protein-G like domains (PTG), SH3 domains (SH3), serine proteases (SPR), scorpion toxins (STX), thioredoxins (THX) and triose phosphate isomerase (TPI) ( Table 1) . Finally, we discuss the consequences of this work to sequence-based fold recognition techniques.
Results
Two proteins with highly similar sequences almost always share the same fold (the exceptions arise when a protein can adopt more than one conformation). The reverse, however, is not always true: Rost 10 has shown that pairs of proteins with similar structures possess, on average, only 8-10% sequence identity. Is this observation biased by the fact that the native sequence of a protein is only one among all sequences compatible with the structure of that protein? More generally, how convergent are the subsets of sequence space compatible with two similar proteins?
Protein G and protein L share a significant subset of sequence space Protein G, the B1 immunoglobulin-binding domain of streptococcal protein G (GB1) (56 residues), is a highly stable and very regular protein, with 80% of the residues participating in secondary structure. Its structure has been solved both by NMR 16 (PDB code 1pgx) and by X-ray crystallography 17 (PDB code 1pgb). The fold of protein G is not unique, and other proteins were found to adopt a very similar structure. Among these proteins, protein L, the B1 immunoglobulin light chain binding domain of Peptostreptococcus magnus (74 residues, PDB code 2ptl) is unique in that its sequence is not similar to the sequence of protein G (sequence identity of 14%). 18 Sequencebased methods such as FASTA, BLAST and PSIBLAST do not detect the homology between protein G and protein L. These two proteins are, however, structurally very similar (Figure 1 ). The structural alignment of 1pgb and 2ptl covers 52 residues, with a cRMS over CA of 1.9 Å .
For each protein, we design a set of 100 sequences using the sequence space annealing (SSA) procedure described in Methods. We use the X-ray structure of protein G and the NMR structure of the last 61 residues of protein L as target conformations. The first 17 residues of protein L, which have no equivalent in protein G and do not interact with the rest of protein L, were omitted. The amino acid composition of the native sequence is used as input for sequence optimization. The two sets each of 100 optimized sequences represent the subsets of sequence space compatible with each protein. The distance in sequence space between these two subsets is Figure 1 . comparison of the folds of protein G, the B1 domain of streptococcal protein G (PDB code 1pgb), protein L, the B1 domain of P. magnus (PDB code 2ptl), and protein ROP, a transcription regulator of E. coli (PDB code 1rop). Only the last 61 residues of protein L are shown, since the first 17 residues have no equivalence in protein G. The drawings of the proteins were generated using MOLSCRIPT.
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1PGB
2PTL 1ROP Figure 2 . Comparing the subsets of sequence space compatible with protein G and protein L. The native sequences of protein G and protein L have no detectable similarities, while their structures are very similar (cRMS ¼ 1.9 Å ). Two subsets of 100 sequences are designed for these two proteins using the SSA procedure described in Methods. The sequences in each subset have the same amino acid composition as the corresponding native sequence. The mean sequence identity kISl and the mean sequence similarity kS50l on the basis of the Blosum 50 matrix between these two subsets are plotted as a function of the cycle of the SSA design procedure. The vertical bars show the standard deviations of the corresponding distributions. Monotonous increases of both measures are observed, indicating a convergence in the sequence information contained in the two proteins. For comparison, the percentage sequence identity and similarity score between the native sequences of proteins G and L are shown as discontinuous lines.
PROTEIN G PROTEIN L ROP
Protein Structure and Sequence Similarities defined either as the mean sequence identity, kISl, or the mean sequence similarity on the basis of the BLOSUM50 substitution matrix, kS50l, computed over all pairs of sequences A and B designed for protein G and protein L, respectively. Percentage sequence identity and sequence similarities are computed on the basis of the structural alignment between protein G and protein L, as described in Methods. Both kISl and kS50l are plotted against the SSA cycle number in Figure 2 . The initial sequences chosen for protein G are 8.8% identical with those chosen for protein L, on average, with a mean similarity score kS50l of 2 39. Both the mean sequence identity and the mean similarity score increase monotonically during the SSA optimization. After convergence, sequences designed for protein G are 16.5% identical with sequences designed for protein L, on average, with a mean similarity score of 9. The two most similar sequences designed for protein G and protein L, respectively, have a sequence identity of 33%, and a similarity score of 89. These figures are outside the twilight zone, and would warrant weak detection of sequence homology, using any sequence comparison method. The two distance measures in sequence space (i.e. sequence identity, IS, and sequence similarity, S50) show that there is convergence between the sequence information derived from protein G, and the sequence information derived from protein L.
The specificity for protein G of the sequences designed for protein G was tested using THREADER2. 19 Since THREADER2 is a fold recognition program that uses scoring functions on the basis of statistics of interactions in known native protein structures rather than physical forces, it can be considered as a reasonable independent assessor of our sequence design procedure. The highest scoring folds for all 100 sequences designed for protein G correspond to the protein G folds included in the THREADER2 library (1pgb, 2igg and 1igd), with significant Z-scores higher than 3 (THREADER2 Z-score are defined such that significant matches have large positive Z-scores). Interestingly, 34 of these sequences also identify protein L as a compatible fold with a Z-score higher than 2. In comparison, the native sequence of protein G does not show any specificity to protein L, as measured by THREADER2 (Z-score 2 10).
In parallel, the specificity for protein L of the sequences designed for protein L was also tested using THREADER2. For 80 out of these 100 sequences, the protein L fold has the highest score. Interestingly again, 67 of these sequences also identify protein G as a compatible fold, with a Z-score higher than 2. In comparison, the native Two subsets of 100 sequences are designed for these two proteins using the SSA procedure described in Methods. The mean sequence identity kISl and the mean sequence similarity kS50l based on the Blosum 50 matrix between these two subsets are plotted as a function of the cycle of the SSA design procedure. No convergence is sequence space is observed.
sequence of protein L detects the fold protein G with a low specificity (Z-score ¼ 1.45 , 2).
Protein G and ROP cover different regions of protein sequence space
Protein G and protein L have similar structures, and we have just shown that these structures contain convergent sequence information. A required validation experiment of our procedure is to compare the sequence content of two proteins that are structurally dissimilar. We chose the pair of proteins: (1) protein G and (2) the ROP protein, a transcription regulator of Escherichia coli 20 (PDB code 1rop). Protein G is mainly a b protein, while ROP is a fully a protein ( Figure 1) . Interestingly, protein G and ROP served as templates in the published solution to the Paracelsus challenge: protein G was forced to adopt the ROP fold by changing only 50% of its sequence. 21 For each protein, we design a set of 100 sequences using the SSA procedure described in Methods. The two subsets of 100 optimized sequences represent the regions of sequence space compatible with each protein. The distance in sequence space between these two subsets is plotted against the SSA cycle number in Figure 3 . Both distance measures in sequence space (i.e. sequence identity, IS, and sequence similarity, S50) show that there is no convergence between the sequence information derived from protein G, and the sequence information derived from ROP.
Structure similarity implies sequence similarity: comparing SH3 domains SH3 domains are small (55 -70 residues) protein modules that mediate protein-protein interactions by binding to Pro-rich peptide sequences. They have no fixed topological position within proteins and are often found in combination with other protein -protein interaction modules such as SH2 domains. As of 1 April 2001, the structures of 75 proteins containing an SH3 domain have been solved using both X-ray crystallography and NMR spectroscopy. SH3 domains share a common fold, a five-stranded b-sandwich. The same fold, referred to as the SH3 fold, is observed in diphtheria toxin repressors, in myosin S1 fragments, in electron transport accessory proteins, in some translation proteins and in the DNA binding domain of retroviral integrase. 22 Examples of the fold are shown in Figure 4 . The structure similarities observed among these different protein families do not give rise to detectable sequence similarities. For example, the mean sequence identity between any two SH3 domains in the PDB is 21% with a minimum of 5% (the sequence identity is computed on the basis of the structural alignment of the two SH3 domains considered).
Our initial test case includes five small proteins covering a large range of structure variation within the SH3 fold: the SH3 domain of spectrin (PDB code 1shg), the SH3 domain of human FYN (PDB code 1shf), the SH3 domain of human HCK (PDB code 1bu1), the DNA binding domain of HIV integrase (PDB code 1ihv), and the C-terminal domain of diphtheria toxin repressor (PDB code 1bym). All five proteins are shown in Figure 4 .
We designed a set of 100 sequences for each protein in our test set, using the SSA procedure. Pairs of sequences designed for the SH3 domain of spectrin show 37% sequence identity, on average. This relatively small value suggests that the sequence space compatible with the SH3 fold of 1shg is diverse, and large. The same behavior is observed for all other SH3 domains in our test set. This is in agreement with the fact that SH3 domains represent a very diverse protein sequence family.
The subset of sequences designed for the backbone of the SH3 domain of spectrin is compared to each of the four subsets of sequence space corresponding to the five other proteins in our test set. The evolution of the sequence similarity scores kS50l are shown in Figure 5 . In all four cases, the sequence similarity between the subsets increases during the sequence optimization. The amplitudes of the increase differ, however, between the different pairs of SH3 domains. We find that the levels of sequence identity and sequence similarity observed between two sequence subsets after convergence of the SSA sequence optimization procedure are correlated with the structural similarity between the corresponding target SH3 domains ( Figure 6 ).
In all test cases presented above, percentage sequence identity measure by kISl and sequence similarity measured by S50 show identical behavior. For simplicity, in the following we only focus to the percentage sequence identity as a measure of sequence similarity.
A linear correlation between protein structure similarity and percentage sequence identity Is the correlation observed between protein structure similarity and sequence similarity general, or specific to SH3 domains? To attempt to answer this question, we consider a much larger data set of 68 proteins belonging to 14 protein families, corresponding to 179 pairs of structurally similar proteins. These proteins vary in size from 30 residues (1pnh, a scorpion toxin), to 310 residues (1ede, an alkane dehydrogenase from Xantobacter autotrophicus ), and were chosen to cover all four types of proteins (a, b, a þ b and a/b). A high-resolution structure is available in the PDB for all 68 proteins. A full description of the families and proteins is given in Methods. Figure 4 . Five subsets of 100 sequences are designed for the five domains, using the SSA procedure. The mean sequence similarities kS50l between the set generated for the SH3 domain of spectrin, 1SHG, and all four other subsets are plotted versus the cycle of SSA. The mean similarity score is found to be higher when the cRMS between the two structures is low (i.e. for the two pairs 1SHG-1SHF and 1SHG-1BU1), and conversely lower when the cRMS is high (i.e. for the two pairs 1SHG-1IHV and 1SHG-1BYM).
The overall extent of the structural divergence of each pair of proteins in each family is measured by optimally aligning their two structures and computing the corresponding cRMS distance. The structural alignment was computed using STRUCTAL. 23 The optimal alignment provides a list of equivalent residues, which is used to define the percentage of identical residues, IS NAT between the two proteins. For all 179 pairs of proteins in our data set, IS NAT is found to vary exponentially with cRMS (Figure 7(a) A similar non-linear relationship is observed between cRMS and sequence similarity defined as the raw FASTA score of the alignment of the native sequences ( Figure 7(b) ). We designed 68 sets of 100 sequences for the 68 proteins in our data sets, using the SSA procedure described in Methods. All distances between all pairs of sequence sets were computed, and the mean sequence identities kISl are compared to the cRMS distances between the corresponding proteins. Results for the 179 pairs of proteins in our data sets are shown in Figure 7 . The sequence similarity between two SH3 domains is correlated with their structure similarity. The mean sequence identity kISl (a) and the mean sequence similarity kS50l (b) between the converged sets of sequences designed for two SH3 domains are plotted versus the cRMS distance between the structures of these domains. Structural alignments were generated using STRUCTAL. 23 
Protein Structure and Sequence Similarities
Discussion
Proteins with similar sequences adopt similar structures. 6, 11, 24, 25 This observation has given hope that it is possible to build model structures for all protein sequences, without going into the expensive procedures of systematic experimental structure determination: this is the justification of structural genomics. Interestingly, the reverse correlation is not always true: systematic comparison of protein structures included in the PDB database 26 have uncovered homologous protein structure pairs with less than 10% pairwise sequence identity. 5 These counter examples emphasize the need for a better understanding of the relationship between protein sequence similarity and structure similarity. Here, we find that structural changes in a protein family, as measured by cRMS, is linearly related to changes in sequence similarity, measured as the mean distance between the subsets of sequence space compatible with the pair of proteins considered. This relationship extends over a much larger range of sequence similarities than the relationship obtained when using the native protein sequence alone.
Sequence and structure similarity
Three levels of protein sequence similarities are usually considered, i.e. above 30% sequence identity, the region 20 -30% (the so-called twilight zone 6 ), and the region below 20% (the midnight zone 10 ). More than 90% of all protein pairs with a sequence identity larger than 30% are found to be structurally similar, while in the midnight zone this number falls below 10%. 8 These observations favor a strongly non-linear relationship between sequence and structure similarity. Early studies by Chothia & Lesk have shown the existence of this non-linear behavior on a small data set of 36 proteins.
11 Their findings were confirmed by more recent studies on larger data sets. 12 -14 We have found the same non-linear behavior in this study, both qualitatively and quantitatively, when plotting the percentage sequence identity between the native sequences of a pair of proteins versus the cRMS distance between their two structures (Figure 7 (a) and equation (3)). All these studies, including ours, have used the percentage sequence identity and the cRMS difference of superimposed C a atoms to measure sequence and structure similarity, respectively. After it was shown, however, that these two measures do not provide a reliable assessment of similarities 5, 9 Wood & Pearson 15 revisited the relationship between sequence and structure similarity, using statistical Z-scores rather than raw scores to assess similarity. On the basis of 36 protein families, they found that most of the structural changes in a protein family are linearly related to changes in sequence similarity, when plotted in terms of statistical significance of the cRMS and percentage sequence identity. Wood & Pearson 15 consider the apparent contradiction between the linear correlation observed for measures of similarities on the basis of statistical significance, and the non-linear relationship observed between cRMS and percentage sequence identity to be due to three technical problems. The relationship between sequence similarity and structure similarity is studied over 14 protein structure families (see Table 1 ). (a) For each pair of proteins in each family, the percentage sequence identity between their native sequences IS NAT is plotted versus the cRMS distance between their structures. A least-squares fit to the data gives the relationship cRMS ¼ 4:02 expð20:0222IS NAT Þ: The continuous line shows the fit to the data, while the discontinuous line shows the relationship between IS NAT and cRMS predicted from equation (1) Firstly, protein structure data determined under different conditions can cause the same protein sequence to have structural variants. This problem occurs in our test case on the basis of the globin family, which contains three structural isoforms of a myoglobin, namely 5mbn (sperm whale myoglobin), 1bvd (complex of sperm whale myoglobin with biliverdin), 1vxb (sperm whale myoglobin at pH 4). 1bvd and 1vxb differ from 5mbn by 0.69 Å and 0.52 Å , respectively, even though they have exactly the same sequence. Secondly, techniques for protein structure comparison do not always generate the best alignment. In order to reduce the effect of this serious problem, we decided to include in our study only pairs of structurally similar proteins with a cRMS value lower than 4.0 Å , whose structural alignment covers at least 50% of the smallest of the two proteins considered. Thirdly, sequence alignment techniques often fail to correctly align two distantly related proteins. This was not a direct problem in our study, since we relied on the structure alignment to derive the percentage sequence identity.
Though these are real technical problems that prevent accurate measurements of cRMS and sequence identity, we believe that there is a more fundamental reason for the non-linear relationship between the measures of structure similarity and sequence similarity. The percentage sequence identity is computed on the basis of the native sequences of the proteins considered. We believe that the relationship between the structure similarity and the sequence similarity of two proteins is meaningful when the sequence similarity is defined as the overlap between the subsets of sequence space compatible with these two proteins. On the basis of the results shown in Figure  7 (c), we conclude that there is a linear relationship between protein structure similarity measured by cRMS and protein sequence similarity measured by percentage sequence identity, if the latter reflects the mean distance between the two subsets of sequences compatible with the two structures.
The linearity of the structure/sequence relationship is observed for protein pairs with cRMS values between 0 Å and 4 Å , whose native sequences are 10-100% identical, i.e. well within the twilight zone. We do not show any results for weaker structural similarities, i.e. for cRMS values larger than 4 Å : it is more than likely that for these values, the linearity breaks. As mentioned above, however, it is difficult to provide an accurate quantitative measure of weak structural similarity. Consequently, the relationship between structure and sequence similarity would be difficult to assess. This limit in our analysis emphasizes the need to develop better protein structure alignment programs. 27 A local or global model for the protein folding code?
There are two prevailing models that explain how the tertiary structure of a protein is encoded in its linear sequence: the local model, in which fold specificity is coded in just a few critical residues, and the global model in which the fold is formed by interactions involving the entire sequence. 28 Wood & Pearson stated that the linear relationship observed by between sequence and structure similarity measured by statistical significance is more consistent with the global model than with the local model. 15 On the basis of our results, we cannot assert that the linearity of the structure/sequence relationship is inconsistent with the local model. Our protein design procedure generates sequences for a protein on the basis of all residue interactions in that protein. We have found that among all sequences designed for a protein, some positions are more conserved than others. This is the case, for example for residues like Gly and Pro that are structurally important. 29, 30 This heterogeneity in the amino acid specificity of some residues in a protein is implicitly encoded in our measure of sequence similarity, and we do observe a linear relationship between sequence and structure similarity.
The fold recognition problem
Understanding the relationship between structural similarity and sequence similarity in protein families is a fundamental problem that has practical applications to the fold recognition problem, namely find a structural fold that best matches a given sequence. Sequence alignment techniques used for fold recognition unambiguously distinguish between protein pairs of similar and nonsimilar structures, as the similarity between the native sequences of the proteins considered is high. The use of sequence similarity to assess structure similarity becomes statistically less reliable when the percentage sequence identity decreases. Methods often fail to correctly align protein pairs in the twilight zone (i.e. with 20 -30% pairwise sequence identity), resulting in detection of structural homology with low statistical significance.
We have shown that when sequence similarity is defined on the basis of the subset of sequences compatible with a protein structure rather than the native sequence alone, we observe a linear sequence/structure relationship. We also observe that this relationship is better defined, with less dispersion. The percentage sequence identity, IS NAT , between the native sequences of two proteins whose structures are 1 Å cRMS apart can be anywhere between 20% and 100% (Figure 7(a) ), while the mean sequence identity, kISl, between the sequence spaces compatible with these two proteins is between 15% and 25% (Figure 7(c) ). This result suggests that more reliable detection of structure similarity can be achieved if sequence similarity is defined on the basis of families of sequences, rather than on the basis of the native sequence alone. This result is not new: it is in fact at the root of all profile methods used in modern database searching programs such as PSIBLAST 31 and HMMER. 32 This paper provides, however, the structural validation for these methods, in that a single protein structure is better defined by the set of sequences compatible with its fold than by its native sequence alone.
The protein sequence profiles used in fold recognition techniques such as PSIBLAST and HMMs are generated from multiple sequence alignments of proteins expected to share a similar fold. Most of these methods do not take into account structural information, and therefore rely on stringent tests of sequence similarity when selecting sequences that belong to the same family (usually E-value cutoff of 10 24 ). These methods might consequently generate too restrictive profiles for structural folds that are shared by very diverse sequences, with small sequence similarities (in the twilight zone for example). The SSA technique described here offers an alternative approach for generating multiple sequence alignments. Starting from an exhaustive library of protein structure representatives, we could run SSA to generate for each representative an alignment of 100 sequences compatible with its structure. These alignments would then be used to generate a library of profiles, which in turn would serve as a database for profile-based fold recognition techniques. The current version of SSA is too slow for such a large-scale experiment, but we are currently working on improving its performance in terms of CPU usage, such that this experiment will become computationally tractable.
Methods
The sequence information contained in a protein structure X is defined by the set S(X ) of protein sequences that adopt this fold. We propose to explore S(X ) by designing a large number, N, of sequences compatible and specific to X. For two protein structures X and Y, two subsets of sequences are thereby generated, S(X ) and S(Y ). The similarity between S(X ) and S(Y ) provides an estimate of the sequence similarity between the two proteins; it is defined as the mean distance between the two subsets in sequence space. Each step of the procedure is detailed below.
Defining the sequence space compatible with a protein structure Subsets of sequences compatible with a given protein fold are derived using a genetic algorithm in sequence space. This method has been fully described elsewhere. 33 For a target protein structure, C, SSA starts with a set of N sequences, all with the same given amino acid composition (this is a consequence of using the random energy model (REM); see below). For each sequence, A i , a full atom model structure is built, and its energy is evaluated and stored as EðA i ; CÞ: We use a semi-empirical energy function, which includes a Lennard Jones potential for van der Waals (vdW), a Coulomb term for electrostatics, and a free energy term for the solvent. Optimization is performed as follows. Starting with sequence A 1 , M new sequences B m are generated, each derived by random exchange of the amino acid types of K randomly chosen positions in A 1 . Models structures are built for each B m , and the corresponding energies are stored in EðB m ; CÞ: Each new sequence B m is characterized by the sequence A c in the initial set that is closest to B m . If the distance between A c and B m is smaller than a given cutoff value and EðB m ; CÞ is smaller than EðA c ; CÞ; A c is replaced by B m in the sequence set. If, on the other hand, B m and A c are further apart than the cutoff, B m is added to the set. The sequences in the set are then sorted on the basis of energy, and only the N best are kept. The procedure is repeated for all B m and all A. The updated set serves then as input to the following cycle, and the full procedure is repeated until the system has equilibrated and the variance of the sequence space described by the set remains steady. We refer to this procedure as SSA, in analogy to the "conformational space annealing" or CSA technique introduced by Scheraga and co-workers 34, 35 for exploring protein structure space. SSA maintains a full atom representation of the model proteins, and has a built-in procedure to ensure the specificity of the designed sequences for their target structures.
Building full-atom model proteins
The compatibility of a sequence A with a protein X is tested by first building a model of A onto X. Side-chains are positioned using our self-consistent mean field approach. 36 The procedure iteratively refines a conformational matrix of the side-chains of the protein, CM, such that its current element at each cycle, CM(i,j ), is the probability that side-chain i of the protein adopts the conformation of its possible rotamer j. Interactions and hence probabilities depend solely on a Lennard Jones function for van der Waals interactions (electrostatics and solvent interactions are ignored). The rotamer with the highest probability in the optimized conformational matrix defines the conformation of the sidechain in the final model. This model is characterized by an energy, EðA; XÞ; corresponding to the energy of the chimeric protein obtained by threading the side-chains corresponding to sequence A onto the backbone of fold X. This energy is derived from estimates of the physical forces that stabilize native protein structures: it includes van der Waals interactions, electrostatics and an environment free energy. 37 
Reaching specificity
A sequence, A, designed for a target fold, X, must be stable for that conformation. This is reached by minimizing EðA; XÞ: Sequence A must also be specific to X, i.e. incompatible with competing folds. A rigorous solution to this problem requires simultaneous and complete explorations of sequence space and conformation space. We have shown, however, that under the approximation of the REM, 38 specificity can be achieved by optimization in sequence space alone, provided that the amino acid composition of the sequence is held constant. 39, 40 Comparing two subsets of protein sequence space Let S(X ) and S(Y ) be the sets of N sequences compatible with two protein structures X and Y, respectively, and let A i and B j be a pair of sequences in S(X ) £ S(Y ). The similarity between A i and B j is defined from the structural alignment of X and Y, and a measure of amino acid similarity.
We have used STRUCTAL 23 for protein structure superposition. The protein structure alignment between X and Y provides a list of P equivalent positions in the sequences A i and B j . For each equivalent position p, the corresponding positions in A i and B j are referred to as EAðpÞ and EBðpÞ; respectively.
We use two different measures of similarity: sequence identity, I, and sequence similarity, SIM50. The sequence identity (in percent) between A i and B j is defined by:
d½A i ðEAðpÞÞ; B j ðEBðpÞÞ ð5Þ
The sum extends over all P equivalent positions in the structural alignment of X and Y, EA( p ) and EB( p ) are the positions is A i and B j of the pth equivalent position in the alignment, and d is the Dirac function (d(x,y ) ¼ 0 if x -y and d(x,x ) ¼ 1). The sequence similarity between A i and B j is given by:
BL50ðA i ðEAðpÞÞ; B j ðEBðpÞÞÞ ð6Þ
where BL50 stands for the Blosum 50 substitution matrix. 41 Both I and SIM50 are distance measures in protein sequence space.
The similarity between the complete subsets S(X ) and S(Y ) is characterized by the means and standard deviations of the distribution of distances over all pairs of sequences ðA i ; B j Þ of S(X ) £ S(Y ): 
for the distance based on sequence similarity.
Our protein data set
The sequence/structure relationship was studied over a set of 14 structural families: alkane dehalogenases (ADH), cyanins/azurins (AZN), cystein proteases (CPR), fatty acid binding proteins (FAP), ferredoxins (FXN), globins (GLB), glutathione transferases (GLT), proline isomerases (ISM), protein-G like domains (PTG), SH3 domains (SH3), serine proteases (SPR), scorpion toxins (STX), thioredoxins (THX) and triose phosphate isomerase (TPI). These families were chosen to cover all four types of protein fold: a (GLT, GLB), b (AZN, FAP, FXN, ISM, SPR, SH3), a/b (THX, TPI, EDE) and a þ b (CPR, FXN, PTG), as well as one example of a family of so-called small proteins in the SCOP database 33 (STX).
The PDB structure identifiers as well as the lengths of the 68 proteins in these 14 families are listed in Table 1 . With the exception of four families, ADH, GLB, PTG and SH3, all the other proteins in the remaining ten families were chosen from the Appendix by Wood & Pearson. 15 Our globin (GLB) data set contains five myoglobins (1bvd, 1lht, 1myt, 1vxb and 5mbn), two hemoglobins (2hbg, 3sdhA) and one leghemoglobin (2gdm). The SH3 data set contains ten proteins, chosen from the SH3 family defined in the SCOP 33 database. The two alkane dehydrogenases are the largest proteins in our dataset. We also included the pair of proteins 1pgb and 2ptl for the PTG family.
Because protein structure alignments are often inaccurate in the absence of significant structure similarity, the 14 families considered here were defined such that all proteins within a family are structurally similar. Our family classification follows the classification by Wood & Pearson, 15 except for their thioredoxin/ glutathione transferases, which we divided into two sub-families, thioredoxins (THX) and glutathione transferases (GLT). The need for this division was triggered by the fact that mixed pairs of proteins from THX and GLT show only marginal structural similarity.
